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Abstract. The understanding of the dynamics of animal populations and of related
ecological and evolutionary issues frequently depends on a direct analysis of life history
parameters. For instance, examination of trade-offs between reproduction and survival
usually rely on individually marked animals, for which the exact time of death is most
often unknown, because marked individuals cannot be followed closely through time. Thus,
the quantitative analysis of survival studies and experiments must be based on capture—
recapture (or resighting) models which consider, besides the parameters of primary interest,
recapture or resighting rates that are nuisance parameters.

Capture-recapture models oriented to estimation of survival rates are the result of a
recent change in emphasis from earlier approaches in which population size was the most
important parameter, survival rates having been first introduced as nuisance parameters.
This emphasis on survival rates in capture-recapture models developed rapidly in the
1980s and used as a basic structure the Cormack-Jolly-Seber survival model applied to an
homogeneous group of animals, with various kinds of constraints on the model parameters.
These approaches are conditional on first captures; hence they do not attempt to model
the initial capture of unmarked animals as functions of population abundance in addition
to survival and capture probabilities.

This paper synthesizes, using a common framework, these recent developments together
with new ones, with an emphasis on flexibility in modeling, model selection, and the analysis
of multiple data sets. The effects on survival and capture rates of time, age, and categorical
variables characterizing the individuals (e.g., sex) can be considered, as well as interactions
between such effects. This ““analysis of variance philosophy emphasizes the structure of
the survival and capture process rather than the technical characteristics of any particular
model. The flexible array of models encompassed in this synthesis uses a common notation.
As a result of the great level of flexibility and relevance achieved, the focus is changed
from fitting a particular model to model building and model selection.

The following procedure is recommended: (1) start from a global model compatible
with the biology of the species studied and with the design of the study, and assess its fit;
(2) select a more parsimonious model using Akaike’s Information Criterion to limit the
number of formal tests; (3) test for the most important biological questions by comparing
this model with neighboring ones using likelihood ratio tests; and (4) obtain maximum
likelihood estimates of model parameters with estimates of precision.

Computer software is critical, as few of the models now available have parameter
estimators that are in closed form. A comprehensive table of existing computer software
is provided. We used RELEASE for data summary and goodness-of-fit tests and SURGE
for iterative model fitting and the computation of likelihood ratio tests.

Five increasingly complex examples are given to illustrate the theory. The first, using
two data sets on the European Dipper (Cinclus cinclus), tests for sex-specific parameters,
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explores a model with time-dependent survival rates, and finally uses a priori information
to model survival allowing for an environmental variable. The second uses data on two
colonies of the Swift (4pus apus), and shows how interaction terms can be modeled and
assessed and how survival and recapture rates sometimes partly counterbalance each other.
The third shows complex variation in survival rates across sexes and age classes in the roe
deer (Capreolus capreolus), with a test of density dependence in annual survival rates. The
fourth is an example of experimental density manipulation using the common lizard (La-
certa vivipara). The last example attempts to examine a large and complex data set on the
Greater Flamingo (Phoenicopterus ruber), where parameters are age specific, survival is a
function of an environmental variable, and an age x year interaction term is important.
Heterogeneity seems present in this example and cannot be adequately modeled with

existing theory.

_ The discussion presents a summary of the paradigm we recommend and details issues
in model selection and design, and foreseeable future developments.

Key WO(d;.' Akaike’s information criterion; capture-recapture; estimation; hypothesis testing; Jolly-
Seber; logistic model;, mark-recapture; maximum likelihood: model selection: modeling; population

dynamics; quasi-likelihood: survival.

INTRODUCTION

The study of life history parameters is becoming
increasingly important in ecology, particularly in stud-
ies of population regulation (Stearns 1980, Barbault
1981, Soulé 1987), community structure and succes-
sion (Noble and Slatyer 1980, Crawley and May 1987),
and biogeography (Blondel 1986). In this framework,
a major goal is to detect and analyze differences in life
history traits among groups of individuals through time
and space (Clutton-Brock 1988, Lomnicki 1988). Of-
ten these differences are supposed to induce changes
in fecundity, survival, or both, and thus differences in
fitness (Manly 1985, Endler 1986). Estimating fecun-
dity is often possible without major difficulties, where-
as estimating survival probabilities raises more prob-
lems, particularly under field conditions where time of
death is often unknown (Clobert and Lebreton 1990).
The probability of survival may vary with individual
characteristics such as age, sex, mass, genotype, or phe-
notype, and also as a function of biotic and abiotic
environmental variables. Intra- and interspecific com-
petition and predation can also affect the probability
of survival (Loery and Nichols 1985). Testing hypoth-
eses concerning the survival process and estimating
survival rates are therefore critical to understanding
animal population dynamics.

To estimate survival parameters in the field under
natural conditions, one must follow individually
marked animals through time. As early as the 1930s,
marked animals were used in the study of survival and
other parameters (Jackson 1933, 1939). The emphasis
in statistical methodology for such capture-recapture
data was on the estimation of population size more
than on estimation or comparisons of survival rates,
whereas ecologists and evolutionists emphasized the
structure of survival processes (Stearns 1976, Charles-
worth 1980).

Until recently, the literature concentrated on specific
models for individual data sets. A major landmark was
the Cormack-Jolly-Seber approach to resighting and
recapture data (Cormack 1964, Jolly 1965, Seber 1965).

The survival model common to the approach of these
three authors considered time-dependent survival and
recapture rates for a single group of individuals. The
explicit formulae for estimating both kinds of rates
have been widely used. However, Begon (1983), in a
general review, noted that in a large majority of cases
the underlying assumptions of capture-recapture were
not checked or examined. In many cases survival rates
are still frequently estimated in an ad hoc way, e.g.,
from numbers of known survivors, with the risk of bias
and the loss of power it implies (e.g., Dhondt and Eyck-
erman 1980, Tinbergen et al. 1985, Boyce and Perrins
1987). This inadequacy is partly because the statistical
capture-recapture models available until recently were
not sufficiently flexible and sometimes not robust to
departures from the underlying assumptions (see fur-
ther comments by Cormack 1979). Moreover, it was
seldom feasible to test the fit of the models or to con-
sider alternative models because such statistical tests
and alternative models had not been developed.
Advances have been made in the general analysis of
capture-recapture data in recent years (see Seber 1986).
During the last 10 yr, the primary focus has changed
from estimation of population size to estimation of
survival (see further comments by Burnham et al. 1987,
Clobert and Lebreton 1987). This new focus is advan-
tageous because survival estimators are substantially
more robust to the partial failure of assumptions than
are estimators of population size (e.g., heterogeneity of
individuals to capture or recapture is common and
violates a fundamental assumption of capture-recap-
ture theory, Carothers 1973). Simultaneously, a large
array of models was developed (Pollock 1975, 1981,
Brownie and Robson 1976, 1983, Buckland 1980, 1982,
Jolly and Dickson 1980, Pollock and Mann 1983, White
1983, Conroy and Williams 1984, Clobert and Lebre-
ton 1985, Cormack 1985, Crosbie and Manly 1985,
Arnason and Schwarz 1986, Burnham et al. 1987,
Clobert et al. 1987, Cormack 1989). Current software,
such as SURVIV (White 1983) and SURGE (Lebreton
and Clobert 1986) allows a number of extensions to
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these models such as parameters to be constrained be-
tween O and 1, or use of transformations on the pa-
rameters (e.g., logarithmic or logistic). Parameter val-
ues can be set equal, e.g., to model survival as constant
over time, with a greater precision because fewer pa-
rameters are estimated. Parameters can also be mod-
eled as functions of auxiliary variables, with a regression
equation built into the recapture model; thus, survival
can be made dependent on rainfall or a measure of
winter severity (e.g., North and Morgan 1979); capture
rate can depend on measures of effort. Such models
are possible (and feasible) to consider, primarily be-
cause of advances in computer technology. Maximum
likelihood estimation of parameters is easy, given the
availability of specialized software. Consequently, the
focus for the analysis of capture-recapture data has
moved to model selection. Analysts can easily obtain
estimates of parameters for a host of models from ap-
propriate computer software. The biology of the pop-
ulation under study drives the selection of an appro-
priate class of models on which to base data analysis.
Statistical theory in terms of goodness-of-fit and like-
lihood ratio tests allows specific hypotheses to be as-
sessed, leading to further model selection.

In a parallel way, a large variety of marking methods
has been developed. Many investigators have initiated
well-designed capture-recapture studies, and the num-
ber of large data sets from marked populations has
increased substantially. In particularly many biologists
are involved in collecting data sets concerning several
groups of individuals, called hereafter multiple data
sets. These data sets may be related to age or sex classes
or geographic areas. Alternatively, the data sets may
be treatment-control groups as part of a designed ex-
periment. In any case, these data sets may share certain
parameters in common, which leads to fairly straight-
forward new generalizations in modeling (Burnham et
al. 1987, Pradel 1988, Pradel et al. 1990). Such mod-
eling will allow greater power in understanding many
problems in population biology, using marked animals.
From the biological viewpoint, the resulting situation
is very different and much more exciting than in the
early 1980s.

Our objective is to present a unified view of capture—
recapture theory with particular emphasis on multiple
data sets, model selection procedures, and practical
consequences to population biology. Model develop-
ment and selection must be based on a priori biological
and sampling information and on standard statistical
considerations (e.g., goodness-of-fit and likelihood ra-
tio tests). The principle of parsimony leads to a model
with as few parameters as possible that provides an
adequate explanation of the data (i.e., a model that
accounts for the major components of variation in the
data). We provide five examples of the application of
this theory. The examples chosen include several tax-
onomic groups that illustrate the types of questions
that can be asked in marking studies as well as the
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computer software available to perform the intensive
computations. The examples are restricted to live re-
captures (thus, there may be several recaptures for the
same individual), including resightings without phys-
ical recaptures. The same theoretical framework in-
cludes recovery data (of dead animals), to which many
of the ideas developed herein would also apply. We do
not address the estimation of population size or num-
ber of animals entering the population. Our goal in this
paper is to synthesize statistical methodology for re-
fined capture-recapture experiments, which are in-
creasingly needed to test theoretical predictions con-
cerning survival. Although this monograph is written
primarily for biologists, others (especially in the quan-
titative and computer sciences) may also find it useful.
Readers should be familiar with statistics and have
some knowledge of the capture-recapture literature (e.g.,
Burnham et al. 1987 and Pollock et al. 1990). Ideally,
the reader would also have some familiarity with like-
lihood estimation and inference, analysis of variance
and linear model terminology, and logistic regression.

CAPTURE-RECAPTURE CONCEPTS

The ideal situation for a biologist studying processes
of mortality would be to follow all individuals from
birth to death in the population under study. This sit-
uation is nearly achieved for human populations in
developed countries. For more specific experimental
purposes or biological questions, following a sample
of individuals from a given point in time until their
death is still the ideal. This situation is sometimes
achieved in human epidemiology, although often sur-
vivors remain when the experiment or study is ter-
minated (censoring). In survival studies individuals are -
often grouped for analysis according to categorical vari-
ables (e.g., sex, age classes, winter severity), or data
analysis is based on individual continuous covariates
(e.g., mass, age, body condition), which need to be
taken into account in modeling survival. Table 1 pro-
vides an example: the simple case of a single batch of
n individuals followed over k discrete dates, with time-
dependent probabilities of survival ¢,, ¢,, ..., ¢,_,.
Because of the simplicity of the underlying binomial
structure (Table 1) and parameterization, the devel-
opment of survival models for this situation has been
fairly rapid during the last 20 yr, especially in relation
to the epidemiology of cancer (Breslow and Day 1980,
Cox and Oakes 1984). The emphasis has been largely
on comparisons between groups (see, e.g., Cox and
Oakes 1984:Chapter 5; Aitkin et al. 1989:312-315)
including possible differences in survival patterns over
time (Cox and Oakes 1984:73).

Capture-recapture data

When studying an animal population in the field, it
is rarely possible to follow all the individuals of an
initial sample over time, even if they are uniquely
marked (see, however, Coulson and Wooller 1976).
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TaBLE 1. A simple example of a time-dependent survival
model for a sample followed until a censoring time #,. Num-
ber of survivors first reobserved at time i, m,, conditional
on R,, (number released at time 7,_,) is distributed as
BIN(R,_,, ¢.-,). As a consequence, ¢,_, is estimated by
my/R,_,. In contrast to capture-recapture data (Table 2), in
this epidemiological model, an individual released in a giv-
en year is either observed the following year or never ob-
served again. The m-array is thus diagonal.

Occasion
L L b Lo L
Numbers released (R)) R, m, 0 0 0
and reobserved (m,) R, m, 0 0
R, -+ m_ O
R, my
Survival ey e ey

Generally, animals will be seen, recaptured, or record-
ed from time to time, but exact time of death remains
unknown. An animal that has not been observed for
some time may have survived and escaped recapture
by chance or for biological reasons (temporary emi-
gration, e.g., Nichols et al. 1987); its recapture might
occur if the study were to continue. This situation is
illustrated in the case of two occasions of recapture of
a single initial batch of marked animals (=three oc-
casions of capture, see Table 2). The data are a subset
of example 1 (European Dipper Cinclus cinclus); we
use this subset to introduce notation and concepts,
although it is not extensive enough for answering bi-
ological questions. The data are of the recapture his-
tories of 22 marked individuals (Table 2). Each 1 rep-
resents a capture or sighting. The first 1 from the left
indicates the time of initial capture, marking, and re-
lease, which in this subset example always took place
at the first date ¢,. Thus “111”” indicates an animal that

TaBLE2. Capture histories of 22 European Dippers (Cinclus
cinclus) followed for 2 yr after initial capture (1 = capture
or resighting, 0 = no capture). The first 1 indicates the initial
capture and release of an individual after marking. The data
are also presented as an m-array (distribution of the dates
of first recaptures of individuals released, for the first time
or not, in a given year).

a. The 22 capture histories.

111 100 111 110
110 110 100 110
111 100 111 100
110 100 100 101
100 110 100 110
101 100
b. The data summarized as an m-array.
Year .
released First recapture, m;

i Year 2 Year 3 Never
1 R, =22 11 2 9
2 R, =11 4 7
3 R,;=6 6
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TaBLE 3. Recapture tree for two occasions of capture of a
single batch of marked individuals. Upper branches mean
capture (1), and lower branches mean no capture (0).* The
observed numbers given for occasion 3 deal with European
Dippers (Cinclus cinclus) followed for 2 yr (see Example 1
later in paper).

Captured,
Xll
not

captured,

Initial X0 Capture Expected
number on histories on numbers on
released  occasion 2 occasion 3 occasion 3

X <X11| =4 R¢$\p:Bs
11
R » / Xio=7 Ri¢p1 — B3)
L=
\ _— X =2 Ri¢,(1 — p)Bs
X0 <
Xiw=9 Rl = ¢p,
- ¢.(1 — p))Bi]

Capture occasion

t t ts

survival rates

Parameters ¢, ¢ ——

capture rates
pt P Ps

* This scheme can be modified to take account of losses on
capture. Under the assumption of independence and identity
of individuals, using survival rates ¢, and ¢, and capture rates
p, and p,, one obtains the expected numbers given above. p,
does not enter these conditional models, hence is not iden-
tifiable. ¢, and p, appear only as a product 8; = ¢,p;, and
there are only three identifiable parameters (¢,, p,, and 3,).

+ Not identifiable from data conditional on first captures.

was marked at time ¢, and recaptured both at times ¢,
and t,. The presence of individuals with a recapture
history such as “101” is characteristic of capture-re-
capture data: these individuals were not captured or
sighted at time ¢,, although they were alive, as proved
by their later recapture (at time t,). Thus, one needs
further parameters besides survival to model the re-
capture process. This presentation of the data is logical
because it is a standard statistical array with individ-
uals as rows and variables as columns, the variables
being indicators (=0, 1 values) of captures or covar-
iates. Representing the data this way allows any kind
of further analysis (e.g., Burnham et al. 1987, Nichols
et al. 1987). The data can also be grouped by recapture
histories, and presented as recapture trees in which
upper branches represent capture and lower branches
represent noncapture (Table 3). The number of indi-
viduals with recapture history 4 is noted X, (here, X,
X 10» X101, X100 Table 3).

Probabilistic framework

The basic probabilistic scheme.—The probabilistic
scheme common to all capture-recapture models can
be introduced in a simple way with two occasions of
recapture. We use survival rates ¢, (from ¢, to ;) and
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¢, (from 1, to ¢,) and capture rates p, (at ¢,) and p; (at
t,). These parameters are conditional on the animals
having survived until the beginning of the period con-
sidered (¢,) or until the sampling or recapture occasion
considered (p,). We can thus calculate the probability
of the various possible recapture histories. For exam-
ple, given release at 7, an individual with capture his-
tory “101” occurs with probability ¢,(1 — p,)$.p; be-
cause the last 1 in *“101”” indicates that it survived until
t, (thus, ¢, and ¢,), was not recaptured at ¢, (hence 1
— p.), but was recaptured at ¢; (hence p;). With only
two recapture occasions, the parameters ¢, and p; ap-
pear in the model only as the product, denoted ;. The
capture rate p, (at ¢,) does not appear and will be as
such unidentifiable.

The four recapture histories in the above model are
mutually exclusive events. Under the assumption of
independence of fates and identity of rates among in-
dividuals (the iii assumption discussed below) the ob-
served numbers are then an observation of a multi-
nomial distribution: (X, X 10> Xi01> X100) 1s distributed
as MULT{R; ¢.p,83, d102(1 — B3), 6:(1 — p2)Bs, 1 —
o> — (1 — pr)Bst.

In general, letting /; represent the capture history of
individual j, the conditional probability Pr{#,]|first re-
lease} depends only on the conditional survival rates
(¢,) in the population at risk of capture and the capture
rates (p,) at each occasion. We note ¢, = 1 — p,. In the
case of k = 7 capture occasions, a capture history might
be {0110010}, with knowledge that the animal was
released alive the last time it was caught. Then the
probability of this capture history is

Pr{0110010|release at occasion 2}
= G203394Paq sPsD 6 Xe-

The probability of not being seen again given release
at occasion 6 is symbolized x,; this parameter is a
function of ¢ and p,. Some other examples are

Pr{1001100 |release at occasion 1}
= $10:9:0:9:D 494D X5}

Pr{0001100 |release at occasion 4}
= ¢uPsXs

Pr{0010001 | release at occasion 3}
= 039494950596 P6D7-

Note that by definition x, = 1; thus it does not appear
in the last example above. In general, with k occasions
of capture, x; can be computed recursively (see, e.g.,
Cormack 1964) working backwards fromi=6,5,. .., I:

I = x =1 = gii1Xis1)

with x, = 1. This Pr{#A, |first release} isalways a product
of the conditional parameters ¢, p, and x because of
the assumptions made in capture-recapture and the
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way ¢ and p are defined. Thus, for every possible cap-
ture history A, we can write an explicit probability.

Occasionally there are losses on capture (see Jolly
1965) which in terms of modeling these data just means
that the animal was not re-released after a capture.
Because all losses on capture are known events they
do not complicate modeling capture-recapture data
(Burnham et al. 1987:28-29). For example, if an ani-
mal with capture history 1001100 had actually been
sacrificed or deliberately removed on occasion 5, then
the probability of this modified capture history is

Pr{1001100|release at occasion 1 and
removed on occasion 5}

= $19,02430304P4Ds-

Independence of fates and identity of rates among
individuals. — The Jolly-Seber model makes the as-
sumption of independence of fates and identity of rates
among individuals (the iii assumption) in the popu-
lation under study. The assumption is commonly not
met in field studies. Here we need only deal with in-
dependence of fates and identity of rates among marked
individuals. A random mixing of marked individuals
is neither necessary nor sufficient for the iii assumption
to hold and is only necessary when population size is
to be estimated. The capture design can induce inde-
pendence of individuals and equality of rates of capture
when mixing is not random, e.g., by using random
routes across a study area for territorial animals. On
the contrary, capture rate may depend on body size,
for example, and be heterogeneous even if marked in-
dividuals mix randomly; this is frequently the case in
fish populations. Another assumption frequently em-
phasized in the literature is that recaptures should take
place at a single point in time (i.e., in a period of neg-
ligible length when compared to the between-captures
interval) to make survival constant over individuals.
This assumption is a consequence of the iii assumption,
but the effect of violating this assumption can be min-
imized by using more complex models.

Only a careful examination of the design of recap-
tures and of the data will make it possible to check, at
least partially, the iii assumption. This check, as well
as further analyses, will often be based on the parti-
tioning of individuals in subcategories; the iii assump-
tion will have to hold within each subcategory but not
as a whole.

The rates obtained will apply only to the marked
fractions of the categories of the study population, and
even then one must assume that the act of marking
has no effect on survival. Frequently, this restriction
will not prevent testing the effect of a factor (such as
sex) on survival if any marking effects are additive.
The validity of extrapolation of the estimates to the
unmarked fractions cannot be tested directly; random-
ly capturing individuals for marking within each cat-
egory is the only simple way to provide a basis for this
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extrapolation. In particular, one has to keep in mind
that most studies are done in areas favorable to the
species studied, and that estimates thus apply to the
fraction of the population living in those areas.

Estimation of parameters.—The method of maxi-
mum likelihood will be used to estimate the parameters
in the model. This is a classical method of statistical
inference (see, e.g., Edwards 1972, Rao 1972:359, Mood
etal. 1974, Burnham et al. 1987:6-22). Because a sub-
stantial literature is available on likelihood inference,
we give only the essential idea; for more details in an
animal marking context see Seber (1982), White et al.
(1982), Brownieet al. (1985), and Burnham et al. (1987).

The statistical likelihood of an actual data set is merely
the product of the Pr(#, | first release) over those capture
histories actually observed. Because animals with the
same recapture history have the same Pr(,|first re-
lease), the number observed in each recapture history
appears as an exponent of the corresponding proba-
bility in the likelihood. For instance, in our simple
example (Table 3), the likelihood is equal to

K(¢,028:)*11[91po(1 — By)]*10[,(1 — p,)B,]1%0
1 = ¢py — ¢,(1 — py)B,1xwe

or, using the intermediate parameter x,:

K($,p:B:)*111[¢,po(1 — B;)]X10
(1 — pr)Bs]*ror(x,)* e,

Here, “K” represents a multinomial coefficient which
is a known function of the data; K does not depend at
all on the parameters. In terms of inference on the
parameters in this model, K is irrelevant and does not
need to be included in the likelihood; therefore we do
not show it any further in our likelihoods.

For notational convenience, let the vector f represent
the identifiable parameters in a given model. Let np
be the number of parameters in the model, i.e., the
dimension of the vector 8. The corresponding likeli-
hood function for a given data set can be viewed as a
function of the parameters and will be noted L(6). The
maximum likelihood estimate (MLE) of 6, noted 6, is
tlie unique value of § that maximizes L(f), or equiv-
alently, the log-likelihood In L(6). The latter is usually
more tractable because it reduces to:

2 (X,,/)ln(Pr(h,] first release)),
h,

where the sum is over all observed capture histories
h;. In our simple example in Table 3, the observed log-
likelihood is

In L(é,, p2, B5) = 4 In(¢,p,6;) + 7 In[¢,p,(1 — B5)]
+ 2 Inf[¢,(1 — p,)B;] + 9 In(x,).

The method of maximum likelihood provides esti-
mators that are asymptotically unbiased, normally dis-
tributed, and of minimum variance among such esti-
mators. The first two properties indicate good reliability
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of the estimates when the number of marked animals
is large. The last property (minimum variance) indi-
cates they are fairly optimal in terms of precision. The
maximum likelihood method also provides a basis for
deriving tests, which will be discussed later (under Model
selection tools).

Variances and confidence intervals. —Point esti-
mates, 0, are only part of the information obtainable
from the likelihood function (i.e., from the model). The
curvature of the log-likelihood function estimated at
the MLEs provides information on the precision of the
estimators, i.e., the partial second derivatives of the In
L),

Pl LO) n

—_— s andj=1,..., np,
(96,)(99;)

computed at , are used to construct the estimated
variance—covariance matrix of 6§, obtained as the
negative of the inverse of the matrix of second-order
derivatives. From the variance—covariance matrix we
obtain the estimated standard errors, §E(0A,), i=1,...,

np, of the estimates é,, ie., ﬁ(é) = \/var(d). An esti-
mated asymptotic 95% confidence interval on 6, is then
é, + 1.96 §fz(t§,). This approach is standard, based on
asymptotic normality. Such asymptotic intervals can
be improved in many cases by transforming the pa-
rameters (e.g., log[¢/(1 — ¢)]) and then back-trans-
forming the confidence interval endpoints.

Although computationally intensive, another kind

of confidence interval, profile likelihood (also called
maximum relative likelihood) intervals, can be com-
puted (Kalbfleisch and Sprott 1970, Hudson 1971,
Harding et al. 1984, Barndorff-Nielsen 1986, Venzon
and Moolgavkar 1988). Profile likelihood intervals have
better coverage with small samples than the traditional
large-sample approach based entirely on asymptotic
normality of the actual 6. Morgan and Freeman (1989)
provide an example of profile likelihood intervals with
band recovery data, and several methods of setting
confidence intervals will be illustrated in the examples
to follow.
_ Using  + 1.96 SE(f) for a 95% interval on § (when
6 is based on a large sample) does not work well when
a parameter estimate is on or near a boundary, such
as when we happen to get & = 1. Using *+1.96SE also
does not work well with some types of models that
arise in capture-recapture. This is primarily because
the distribution of estimators is very non-normal and
the parameter space has boundaries. Even though using
+1.96SE often works very well, this approach is only
an approximation to the use of profile likelihood in-
tervals.

We illustrate the idea behind a profile likelihood with
a binomial model. Consider the case of sample size n
= 30 and an observed success count of y = 0. Then ]
= y/n = 0.0 and from the usual estimator of var(f) =
6(1 — 6)/n we get SE(6) = 0.0. The resultant confidence
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interval of [0, 0] is ridiculous. The approximate 95%
profile likelihood interval in this case is [0, 0.062].
Clearly the lower interval endpoint must be 0. The
upper endpoint is obtained from the log-likelihood here:
In[L(6)] = 30 In(1 — 6) as the solution to the equation
—2In(L) = 3.8416; here 3.8416 is the upper 95% point
of the chi-square distribution on 1 df. In general, profile
likelihood intervals are based on the relationship be-
tween —2 In(L) and the chi-square distribution.

Consider the binomial case of » = 30 and y = 1. The
usual 95% interval here is [—0.029, 0.0965]. The pro-
file likelihood interval is the set of all admissible values
of 6 that satisfy the inequality, in 6, —2 ln[L(é)] + 2
In[L(f)] = 3.8416. Explicitly, we have

—2{In(0.03333) + 29 In(0.9667)}
+ 2{In(0) + 29 In(1 — 6)} =< 3.8416;

the resultant interval is [0.002, 0.139]. Notice that the
two intervals have about the same width: 0.126 and
0.137 for standard and profile interval, respectively.
However, the standard interval is not admissible as its
lower limit is negative.

The above case is somewhat typical; namely profile
likelihood intervals often have width about 4SE(6), but
they are not symmetric about 6; rather, profile intervals
are shifted and asymmetric in response to the asym-
metry of the likelihood. When the likelihood is sym-
metric and sample size is large, the two approaches
give essentially the same result. For the binomial case
of n =30 and y = 15, the two approaches give

[0.321, 0.679]
[0.327, 0.673].

standard confidence interval:
profile likelihood interval:

In general, the profile likelihood interval is to be
preferred; its only disadvantage is that it is more dif-
ficult to compute. The procedure for computing profile
likelihood intervals is more complex for multiparame-
ter models, but it is a well-defined procedure (see e.g.,
Barndorff-Nielsen 1986, Critchley et al. 1988, Venzon
and Moolgavar 1988). We expect to see increasing rou-
tine use of profile likelihood intervals, and we expect
this procedure will soon be programmed into code such
as CAPTURE (White 1982), SURVIV (White 1983),
and SURGE.

Minimal sufficient statistics.— The information about
the np estimable parameters in a given model can be
concentrated in » minimal sufficient statistics, which
are the only pieces of information needed to obtain the
maximum likelihood estimates. In general, r is smaller
than d, which is the total number of degrees of freedom
(df) associated with the raw data. Therefore, a number
of different data sets can lead to the same estimates
because they produce the same observed values of the
minimal sufficient statistics. In this simple example,
np = r = d = 3. Minimal sufficient statistics provide
a concise summary of the data for the model being
considered. They can be used as standard input to com-
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puter programs (e.g., Burnham 1989). Thus, identify-
ing the mathematical form of the minimal sufficient
statistics for a given model is an important task (see,
e.g., Pollock et al. 1985, Burnham 1988).

When there are more elementary parameters than
minimal sufficient statistics, at most, » functions of the
parameters can be estimated. There are then as many
identifiable parameters (i.e., parameters that can be
estimated) as minimal sufficient statistics (np = r). In
such a case the model is said to be of full rank, and
the maximum likelihood method often leads to explicit
formulae for estimates. This is the case in our Dipper
example. The four observed numbers provide only r
= 3 different pieces of information because they sum
to R,. The np’ = 4 elementary parameters (¢,, ¢,, D>,
ps) reduced to np = 3 (¢,, p», 3;) estimable parameters.
Maximizing In L(¢,, p,, B;) leads to ¢, = 0.7500, p, =
0.667, and 63 =0.3636. Because r = d in this particular
case, there are no degrees of freedom left to test the fit
of the model (see Model selection tools): the model is
said to be saturated. Full rank models are important
in two respects: first, they have been used extensively;
explicit estimates can be obtained from a desk calcu-
lator. The classic example is the Jolly-Seber model
(Jolly 1965, Seber 1965). Second, the explicit formulae
can be improved, for instance, to reduce their bias that
might be non-negligible for small sample sizes (see ex-
ample in Seber 1982:204). However, in many cases,
there will be fewer parameters to estimate than the
number of minimal sufficient statistics (np < r). In
these cases, numerical iterative fitting is needed to find
the maximum likelihood estimates. The numerical ap-
proach is the only one possible to obtain MLEs for
many reduced models. It has been developed exten-
sively during the last 10 yr (White 1983, Clobert and
Lebreton 1985, Brownie et al. 1986) and requires com-
puter software.

A general model

Two occasions of recapture. — The information avail-
able, and thus the potential flexibility in modeling, is
increased when one considers several batches of marked
animals. Traditionally, in the literature, one considered
successive batches of animals, similar to the first batch,
marked and released at the times of recaptures. In the
case of two occasions of recapture, one should consider
R, = U, releases at time ¢, and U, releases at time ¢,
of newly marked animals. (Animals newly marked at
the last occasion, time ¢;, will not provide any infor-
mation about survival.) The total number of animals
released at time ¢, (R.) is the sum of the number newly
marked (U,), plus the number previously marked at
time ¢, and captured at time ¢, (X,,;, + X, = X,)),
minus any losses on capture at time ¢,. This scheme
(illustrated with the European Dipper data in Table 4)
has been used extensively in cases of physical recapture
(rather than resightings) because the field sampling at
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TABLE 4. Recapture data represented by a binary tree for an age- and time-dependent model with two occasions of capture
and two successive cohorts of marked individuals. The observed numbers given here deal with European Dippers (Cinclus
cinclus) followed for 2 yr (see Example 1 later in paper). Individuals newly marked at time ¢; do not provide information
on survival. The second column of the m-array (below) is composed of the X,, = 11 previously marked individuals and
of U, = 49 newly marked individuals, all released at time ¢,.

Captured, X,,, X,
not captured, X,,
on occasion 2

Capture histories
on occasion 3

Expected numbers

Initial number released on occasion 3

Occasion

t t

Xin =4 R,¢\p:B
Xo——__
R 22 ( U) X“O =17 R1¢’1P2(1 - ﬂx)
| | X < Koo =2 Rip\(1 = pr)Bs
10
Xioo =9 Rl = ¢p, = 6:(1 = p)Bi]
Xo = 20 U.g'
U= 49 (=Xp)=— #'s
\ Xolo = 29 Uz(l _ 6,3)
Occasion
t, t f
R, =22 11 2
h={11} X, =11 4
h= {01} U, = 49 20
R, = 60 24

time ¢, provides marked animals (X,,) and unmarked
(U,) animals.

The R, animals are a mixture of X,, animals be-
longing to the first batch (marked at time ¢,), and of
U, animals belonging to the second one (marked at
time ¢,). In some cases, marking will take place im-
mediately after birth, and such batches will be genuine
cohorts, in the meaning of demographers. In the gen-
eral case, we call cohorts the groups made up of U,,
U,, ... animals marked at successive points in time.
Then, age has the meaning of time elapsed since first
capture. In some cases, in particular, when trap de-
pendence is of concern, we will call cohorts the groups
of R,, R,, ... animals released at successive times,
whether newly marked or not. Then, age has the mean-
ing of time elapsed since last capture.

In Table 4, we consider a general parameterization
allowing time dependence in each cohort indepen-
dently of the others. The model for these data has d =
4 df (3 for the first cohort, 1 for the second) for np = 4
parameters to be estimated (¢,, p», 83, 8'5). In addition
to the R, = 22 individuals marked at time ¢,, the data
include U, = 49 individuals marked and released at
time ¢,, among which X,,, = 20 are recaptured at time
t;. The explicit ML estimates are: ¢, = 0.7500, p, =
0.6667, 33 = 0.3636, and ('; = 0.4082 (i.e., 20/49).
The parameters can be presented as triangular tables,
according to cohort and time, as proposed by Clobert
et al. (1987) (Table 5).

General case. —1In the case of k occasions of capture
(including initial capture), the parameters can also be

represented with two indices in triangular tables (Clo-
bert et al. 1987), as shown in Table 6. This parame-
terization [with k(k — 1) parameters, among which (k
— 1)? are separately identifiable] was introduced in
Tables 4 and 5 in the case of two occasions of recapture
(k — 1 = 2). This general model is obtained by con-
sidering time dependence in each cohort independently
of the others (Pollock 1975): one refers to full age- (time
since first capture) and time-dependent model, or co-
hort- and time-dependent model. The Robson-Pollock
model (Robson 1969) represents such a generality. Ex-
plicit estimates for the ¢, and p; are given by Pollock
(1975).

More flexibility: classifying and
describing models

Introduction. —There is a broad choice of parame-
terizations when there are several marked cohorts. Also,
many models appear as special cases of the full age-
and time-dependent model: we will refer to these as
constrained models. Constraints involve equality be-
tween parameters as well as relationships with external
variables (e.g., weather variables for survival, effort
variables for capture rates) (Pollock et al. 1984, Clobert
and Lebreton 1985, Clobert et al. 1987).

Time-dependent model. — When there are two recap-
ture occasions (Table 4), the constraint 8; = §'; leads
to a parameterization that depends only on time, not
cohorts. Animals in cohort 1 and cohort 2 released at
time ¢, will have the same product 8; = ¢,p; for the
next time period. There are d = 4 df and np = 3 param-



March 1992

TaBLES. Triangulartable of parameters of the age- and time-
dependent model for two occasions of recapture with two
cohorts of marked individuals. A cohort is the set of all
individual animals released at a given time; these releases
can come from animals first captured at that time or, in
some cases, from all animals recaptured at that occasion,
whether for the first time or not.*

Survival parameters (apply to intervals between dates)
Date: t t, 1

Cohort: 1 b, ¢>

2 —,—

Capture parameters (apply to occasions)

Date: t, t, &
Cohort: 1 D Ps
2 D's

* ¢, = survival probability from time / to / + 1, conditional
upon an animal being alive at time 7; p, = probability of an
animal alive at time i being captured or recaptured at time .

eters to be estimated. However, 3, is estimated from
the ratio (4 + 20)/(11 + 49), in which contributions
from both cohorts are pooled. One degree of freedom
was lost by pooling to obtain r = 3 minimal sufficient
statistics and, as discussed later, can be used for a good-
ness-of-fit test, which here reduces to a test of the hy-
pothesis 3; = §8';. Here the estimates ¢, = 0.7273, p,
= 0.6875, 63 = 0.4000 can be obtained explicitly.

This parameterization extends readily to k occasions
of capture at times ¢, t,, .. ., ¢, (i.e., kK — 1 occasions
of recapture at times ¢, . . ., t,) for cohorts of animals
released at these successive points in time. There are
2k — 2 parameters ¢,, Dy, Dy D3y o v s Dis Dists - - -5
Di—2, Pi—15> Dr—1, Dx» Which reduce to 2k — 3 identifiable
parameters ¢, Py, @2, D3, - -+ » D> Divis + -+ » P2, P15
B« = ¢x_.p:. This is the Cormack-Jolly-Seber model
(CJS model: see Brownie 1987 and Clobert and Le-
breton 1987 for a discussion of the name), for which
well-known explicit formulae exist (see Seber 1982 and
Burnham 1988 for a full account, and Begon 1983 for
a critical review of its use). The triangular tables of
parameters for the CJS model are given in Table 7.

The CJS model has been the most general approach
to survival estimation by capture-recapture since 1964.
However, in many situations, this model is either too
general or too restrictive . . . the model is accused of
being too restrictive by requiring that all individuals,
whatever their age or capture history, should have the
same probabilities of capture and survival . .. by in-
cluding a separate parameter for each survival and cap-
ture probability it is too general”” (Cormack 1979:241).
The Robson-Pollock model partly answers the first
criticism. The Robson-Pollock model is obtained when
fitting the CJS model separately for each cohort. Mod-
els with further constraints will answer the second crit-
icism; methodology for constructing and fitting such
restricted models is dealt with here.

Models with constant rates. —Starting from the CJS
model, three straightforward models can be consid-
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ered: ¢ constant and p time-dependent (model [¢, p,]),
¢ time-dependent and p constant (model [¢,, p]), and
¢ and p both constant (model [¢, p]). In this notation,
the CJS model is (¢,, p,). These various models, with
constraints of constancy, have been introduced inde-
pendently by several authors (Jolly and Dickson 1980,
Clobert 1981, Cormack 1981, Sandland and Kirkwood
1981, Jolly 1982; see also further developments by
Clobert et al. 1985, Crosbie and Manly 1985, Brownie
et al. 1986). In model (¢,, p), the hypothesis of con-
stancy of the capture rate cannot be tested for the last
year: identifiable parameters can be represented as ¢,
Dy . .. Di_2, B, p. Comparing this model to the CJS
model tests the hypothesis p, = --- = p,_, (=p) only
(with df = k — 3). In turn, ¢,_, can be estimated by
B./p, under the hypothesis p, = p, which cannot be
tested. Similar remarks hold for model (¢, p,), whereas
tests of model (¢, p) address, for the last year, the
hypothesis 3, = ¢p (and not the compound hypothesis
i1 = &, Pk = D).

Equality constraints between parameters of models
more general than CJS lead to a variety of models
(Table 7B, C, D), which include, for instance, reduc-
tions in the number of parameters of the Robson-Pol-
lock age- and time-dependent model. The case of the
fully age-dependent model [¢,, p,] is illustrated in Ta-
ble 7B. A second example is the time-dependent model
with two age classes for survival for which Brownie
and Robson (1983) obtained explicit estimates (Table
7D). Further models can be deduced from the CJS
model by reducing time dependence in survival and
capture to a few levels, such as good and poor years
(Clobert et al. 1985). All of these models require it-
erative numerical methods to find the MLEs. They can,
be compared with full rank models by likelihood ratio

TaBLE 6. Parameters of the full age- and time-dependent
Robson-Pollock model (Pollock 1975). There are (k — 1)k
parameters; however, the components of the kK — 1 products
B = ¢.._ D are not separately identifiable; therefore there
are only (k — 1)? separately identifiable parameters.

Survival parameters (apply to intervals between occasions)

Time
Cohort t, t, 3 Ly 1
l d)l 1 d)lZ ¢ 1Lk—1
2. d)ZZ (t)zk -1
k-1 ¢kfl<kfl
k
Recapture parameters (apply to occasions)
Time
Cohort t, t ty e b L
1 P2 D3 Drk—1 Dk
% P23 Dok Pz:i
k—1 DPr—1k
k
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TABLE 7. Parameters of reduced age- and time-dependent
capture-recapture models, presented as triangular tables.

A. Time-dependent model (Cormack-Jolly-Seber) (2k — 3

Ecological Monographs
Vol. 62, No. 1

TaBLE 7. Continued.

D. Time-dependent model with two age classes for survival
(Brownie and Robson 1983) (34 — 5 identifiable param-

identifiable parameters) eters)
Survival parameters Survival parameters
Time Time
Cohort t t, t e L t Cohort t t t ts - L t
1 of ¢, G 1 b b D Lo
2' (o} d)“’f 1 2 22 .5 bk
: H 3 ¢33 ¢-J~ -1
k-1 bi : :
k k-1 ¢A — k=1
k
Recapture parameters
Time Recapture parameters
Cohort ¢, t ts . te t Time
Cohort t t, t t t. t
1 D> Ds Di P« ! - 2 4 A ol
2. DPs Di— lf/.v )2 Ps Da Pr Pr
: : D3 Da Di— Dy
k-1 Dx Da D+ Dk
k : :
k—1 Di
k

B. Fully age-dependent model (2k — 3 identifiable parame-

ters)

Time
Cohort t, t, t; [ t.
1 b, ¢ [y
2 ¢, bi >
k-1 é,
k

Recapture parameters

Time
Cohort t, t, t, [ t,
1 D> Ps Di—1 P
2. D> Pi-2 RA—l
k. -1 1;2
k

C. Cohort-dependent model (2k — 3 identifiable parameters)

Survival parameters

Time
Cohort t, t, 3 7 2
1 b, of é
2 é: b:
k-1 br
k

Recapture parameters

Time
Cohort 1, t t L, t
1 D D D P
77 D: D> l?:
k=1 Di-
k

tests (see Model selection tools: likelihood ratio tests,
Sandland and Kirkwood 1981, Clobert et al. 1985).

Models with time-dependent external variables. — ¢,
and p, can be also constrained to be functions of ex-
ternal variables over time. Relevant variables include
environmental variables for survival (Clobert and Le-
breton 1985) and measures of effort or efficiency for
capture rate (Pollock et al. 1984, Clobert et al. 1987).
There are advantages in expressing such constraints in
the framework of generalized linear models (Mc-
Cullagh and Nelder 1983) as ¢, or p, = f(a, + Z a,x,).
The function f links the parameters to a linear formula,
and, as such, is usually called a link function. It is
usually given by its inverse f~!.

Possible link functions include

Identity, f~'(x) =x
Logit, f~'(x) = logit(x) = log[x/(1 — x)]
Log, [f~'(x) = log(x)
and
Hazard, f~'(x) = log[—log(x)].

Each of these functions has its own advantages and
disadvantages, and criteria of choice may vary from
case to case (see Cox and Oakes 1984:74 concerning
epidemiological models). The logit-link function keeps
estimates of ¢, and p, within the interval (0, 1) (Buckland
1980). The log-link makes multiplicative formulae ad-
ditive and can simplify the treatment of data obtained
over unequal time intervals. For survival, log(l — ¢)
approximates log[—log(¢)], which is the discrete time
log-hazard rate used in epidemiology (Aitkin et al. 1988:
313).

Dependence of survival and of capture rate on a
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variable x is noted ¢[fx)] and p[fix)], respectively, or
¢(x) and p(x) when there is no ambiguity about the
link function used. In such an approach, the overall
precision is increased because time dependence is ex-
pressed in a parsimonious way, with a risk of increasing
bias. Moreover, the effect of an external variable on
survival can be tested by comparing between models,
e.g., [¢(x), p] vs. [¢, pl, whereas an ordinary least-
squares analysis of CJS estimates over the variable may
be inefficient because of the autocorrelation of esti-
mates (Conroy and Williams 1984, Clobert and Le-
breton 1985). Lastly, comparing a model with an ex-
ternal variable to the corresponding time-dependent
model (e.g., [¢(x), p] vs. [¢,, p]) tests the adequacy of
the functional relationship, in a similar way to a test
of linearity in regression (cf. Burnham et al. 1984, Clo-
bert and Lebreton 1985).

The general theory of likelihood inference applies
irrespective of the type of link function used to repa-
rameterize the model based on survival rates ¢ and
capture rates p. In particular, we emphasize the logit
link function (see, e.g., Hosmer and Lehmeshow 1989)
as a way to facilitate placing capture-recapture theory
into a linear model framework. Program SURGE (Le-
breton and Clobert 1986, Pradel et al. 1990) computes
the MLEs of the parameters on a logit scale and their
sampling variances and covariances (using the infor-
mation matrix and asymptotic assumptions). The back
transformation to the survival rate is

é = {1 + exp[—logit(®)]} .

The asymptotic standard error of the back transfor-
mation is then

SE(®) = [(1 — @)ISE[logit(d)].

The expression for sampling covariances is similar; for
example, for any two parameters ¢, and @,

COV(dur @) = [Bu(l — BIB4(1 — B4)]

-cov[logit(d,), logit(d,)].

Also, when using the logit-link, confidence intervals
should be computed by first getting an interval on
logit(¢) then back transforming the two interval end
points. Such confidence intervals are typically asym-
metric about ¢. Using these intervals is better than
using @ + 2SE(®) because logit(®) tends generally to be
more normally distributed than is ¢. In addition, such
back-transformed interval end points on ¢ are never
outside the interval [0, 1].

Dummy variables. —Models with two levels of sur-
vival for good and poor years can easily be expressed
in this framework by using a dummy categorical vari-
able. The use of dummy variables can be generalized,
in the same way that analysis of variance (ANOVA)
models can be represented as multiple regression mod-
els using dummy categorical variables (see e.g., Klein-
baum and Kupper 1978:Chapter 13). Any subset of
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parameters can be constrained to be equal using this
technique. All the models considered up to now can
be represented in this way. For example, the fully age-
dependent model in Table 7B can be obtained from
the Robson-Pollock model by writing ¢ and p as linear
functions of indicator variables of age, whereas the CJS
model can be obtained by writing them as linear func-
tions of indicator variables of time (see Appendix).
Such dummy variables together with a quantitative
covariate are shown for the roe deer example.

Rules for model description. — When constraints based
on link functions and linear predictors using external
variables (either categorical or not) are used, a descrip-
tion of models based on triangular tables of parameters
is incomplete. We extend the notation of models using
indices, introduced by Sandland and Kirkwood (1981).
In this notation the CJS model is model (¢,, p,); any
other model can be described by noting the link func-
tion used and the linear predictor for ¢ and p as pro-
posed by Wilkinson and Rogers (1973). We use the
logit as the default link function and, thus, usually omit
it in the model notation. In the Robson-Pollock model,
time is considered with different parameters in each
cohort, i.e., for animals for different (relative) ages:
fY(¢) = u, and f'(p) = v,,, where a and ¢ index, re-
spectively, all possible values of age and time (see
Appendix). The Robson-Pollock model is thus noted
(@a-rs Pani)-

Interactions.—In models (¢, p,) and (¢,, p,), respec-
tively, ¢ (or p) vary only with age or time, respectively,
and can thus be noted f~!(¢) [or /~'(p)] = g, and A,. An
obvious intermediate model is based on an additive
variation: f7!(¢) [or /" '(p)] = g, + h,, where fis an
appropriate link function. This model is noted (¢,.,, .
D.+,)- 1t differs from the Robson-Pollock model in that
variations over time are parallel (in the scale induced
by the link function) in the various age classes (and
vice versa). The Robson-Pollock model (¢,.,, p..,), in
which ¢ (or p) vary independently over age and time,
i.e., as f!(¢) [or f~'(p)] = u,.,, can be rewritten f~'(¢)
(orf~'(p)) =g, + h, + m,.,. Itincludes interaction terms
m,.,, which, as in a two-way analysis of variance, can
be easily represented by dummy variables (see Appen-
dix): comparing models (¢,.,,, P..,) and (¢,.,, p,.) is
equivalent to testing m,., = 0, i.e., testing parallelism
over time between age classes. A comparison of this
approach with two-way analysis of variance is drawn
in the Appendix, which provides a summary of model
notation. Interaction terms can be considered for any
“main effects” in case of need. Interaction terms can
be added for realism or dropped for parsimony in mod-
eling survival from capture-recapture data (Pradel 1988,
Pradel et al. 1990). A sequence of models progressively
deleting interaction terms is given for the roe deer.

Multiple data sets

Introduction. —Besides the scheme of cohorts, Jolly
(1965) noted that there are other possible schemes,
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even those that rarely have been considered in the
literature. The release of cohorts of various types of
individuals, as well as the release of individuals at
times that do not coincide with recapture (or resighting)
occasions, are examples. Each cohort can receive its
own parameterization or share some parameters with
some other cohorts (e.g., Burnham et al. 1987, Pradel
1988, Burnham 1989). In the first case this leads to
estimates that are independent over cohorts. An ex-
ample here might be a study of small mammals trapped
at monthly intervals where a strong seasonal effect is
present.

An elementary example. —Let us consider, as an el-
ementary example, data partitioned by sex (denoted
s). The classical approach consists of fitting the CJS
model separately for each sex. Each parameter is de-
fined separately for the two sexes; thus, we can speak
of the (¢,.,, p,.,) model (this model is structure H,_,,
of Burnham et al. 1987:113). Fitting the CJS model to
pooled data makes sex disappear; we are back to model
(¢,, p,) (model structure H, of Burnham et al. 1987:
116). Many intermediate models are possible. If males
and females are equally prone to capture, it may be
relevant to constrain probabilities of capture to be equal
to enhance precision on survival: model (¢,.;, p,) or
(¢,.,, p) will be considered. Thus, groups of animals fit
naturally in our notation. (See Burnham 1989 for an
example using male and female beetles.)

If probability of capture varies between sexes with
some kind of parallelism over time, e.g., because vari-
ations in effort induce similar variations in capture
rates of males and females, otherwise differing in their
overall susceptibility to capture, model ¢,.,, Dg,.,, Will
be useful with an appropriate link function f. If one
incorporates sex (s) as a dummy variable (e.g., males
= 1, females = 0), then the logistic link function leads
to:

lOgit(p1+s) = als + bn

or
1
1 + exp[—(a;s + b)]’

Divs =

The subscript ¢ + s indicates that sex is additive on a
logit scale. In this example, the capture probabilities
are year-specific (with logit parameters b,) and the val-
ues for males and females differ by a constant value
(on a logit scale), a, (i.e., parallel over time). This con-
cept of parallelism is illustrated in the Swift example.
Similarly, parallel variations in survival of the two
sexes can be modeled as [¢g,.,, p.], p. denoting an
appropriate model for capture rate. In particular, with
the link function A(x) = exp[—exp(x)] [or approxi-
mately 1 — exp(x) if survival is close to 1] for survival,
the log rate of death, or log-hazard rate, is modeled
linearly. With p fixed to 1, we obtain model [¢,,., 1],
which is Cox’s proportional hazards model (see, e.g.,
McCullagh and Nelder 1983:183, Aitkin et al. 1988:
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313), which can be extended to capture-recapture data
as (¢h(l+x)9 p+)'

Dummy variables and general models. —In the most
general case we consider, each individual is character-
ized by vdummy variables g, g», . . . , &, respectively,
with m,, m,, ..., m, categories each. There are thus
m= mm,, ..., m,groups. In Wilkinson and Rogers’
(1973) notation, we denote g = g,*g,* ... *g, the
categorical variable composed of all the combinations
of the g,. Thus, each category of this new variable char-
acterizes one of the m groups.

The (¢..,, p...) model can be applied separately to
these m groups. This collection of (¢,.,, p,.,) models is
denoted as model (dgi.go.  .gu-arrs Dgtogo-  greawt)s OF
shortened, as (¢,.,.,, D;....)- It has mk(k — 1) parameters,
of which m(k — 1)? are estimable (intrinsic aliasing of
parameters, McCullagh and Nelder 1983:47). In prac-
tice, for a particular data set, some of these parameters
will not be identifiable (extrinsic aliasing, McCullagh
and Nelder 1983:51). The mk(k — 1) parameters can
be arranged in m pairs of triangular tables of the kind
used for a single data set. Linear constraints (with ap-
propriate link functions) between subsets of these pa-
rameters induce a general class of models. Among such
constraints, those based on dummy categorical vari-
ables offer a wide range of possibilities, as noted by
Manly (1985). These constraints cover the case of
equality constraints between parameters as well as the
case of additive effects. Case studies will in general
consider a sequence of nested models incorporating
progressive constraints. The model to begin with will
frequently be already constrained because of identifi-
ability problems.

Capture-history dependence

A simple example of a model with trap dependence
(see Cormack 1981, Sandland and Kirkwood 1981) is
given in Table 8 for the first cohort of European Dip-
pers, followed for 3 yr. Such a model is more general
than the time- and age-dependent models. This model
considers different parameters for individuals in the
same cohort if they differ in their previous capture
history, i.e., if they belong to different subcohorts (see
Robson 1969, Burnham et al. 1987). There are seven
pieces of information for seven parameters. Unfortu-
nately, X,,,o/X,1; and X,4,0/X,0;, both estimate (1 —
B.)/B4. Thus, the seven parameters in the model cannot
be estimated. Many similar models have too many
parameters, thus leading to a lack of identifiability. A
way to limit over-parameterization is to limit depen-
dence on previous history to a switch in the capture
rate according to the previous event. The capture rate
is p' instead of p if the previous event was a capture
or recapture, with f~!(p') = f~'(p) + a, with link function
/- Sandland and Kirkwood (1981) considered /' to be
a logarithmic function, and we will use, later, /! as a
linear logistic function (Example 5, Greater Flamingo).
Standard models, without this Markovian dependence,



